Introduction
The availability of over 1500 completely sequenced and annotated prokaryotic genomes offers a variety of comparative and predictive approaches on genome-scale. The results of such analyses strongly rely on the quality of the employed data and the computational strategy of their interpretation. Today, comparative genomics allows for the quick and accurate assignment of genes and often their corresponding functions. The resulting list of classified genes provides information about the overall genomic arrangement, of metabolic capabilities, general and unique cellular functions, however, almost nothing about the underlying complex regulatory networks. Transcriptional regulation of gene expression is a central part of these networks in all organisms. It determines the actual RNA, protein and as a consequence metabolite composition of a cell. Moreover, it allows cells to adapt these parameters in response to changing environmental conditions. An integral part of transcriptional regulation is the specific interaction of transcription factors (TFs) with their corresponding DNA targets, the transcription factor binding sites (TFBSs) or motifs. Recent advances in extensive data mining using various high-throughput techniques provided first insights into the complex regulatory networks and their interconnections. However, the computational prediction of regulatory interactions in the promoter regions of identified genes remains to be difficult. Consequently, there is a high demand for the in silico identification and analysis of involved regulatory DNA sequences and the development of software tools for the accurate prediction of TFBSs. In this chapter we focus on methods for the prediction of TFBSs in whole prokaryotic genomes (regulons). Although, many studies were sucessfully performed in eukaryotes they are often not transferable to the special features of bacterial gene regulation. In particular the prokaryotic genome organization concerning clusters of co-transcribed polycistronic genes, the lack of introns and the shortness of promoter sequences necessitates adapted computational approaches. Besides the genomic structure there are also differences in the regulatory control logic. Prokaryotic promoters often possess one or few regulatory interactions while the repertoire of regulators consists of only a couple of global TFs but many local TFs (Price et al., 2008) . On the other hand, eukaryotic promoters and enhancers involve the concerted binding of multiple regulators, so called cis-regulatory modules (CRMs) or composite elements (Loo & Marynen, 2009 ). Many excellent reviews in the field prokaryotic gene regulation were recently published with focus on the broad spectrum of approaches for the experimental and theoretical reconstruction of gene regulatory networks and their 8 www.intechopen.com 2 Will-be-set-by-IN-TECH interspecies transfer (Baumbach, 2010; Rodionov, 2007; van Hijum et al., 2009; Zhou & Yang, 2006) . Here, we focus on practical aspects how to detect new members of a regulon for genes or genomes of interest. We will summarize useful bioinformatics databases, methods and algorithms available for unraveling bacterial gene regulatory networks from whole genome sequences. Finally, we want to indicate the limitations and technical problems of such approaches and give a survey on recent improvements in this field.
Strategies for the prediction of transcripion factor binding sites
Basically, today exist at least two general approaches to recognize regulatory sequence patterns.
One challenging approach called pattern discovery relies on a statistical overrepresentation of DNA sequence motifs present in promoters of structurally and funktionally related or co-regulated genes. In that case it is a de-novo prediction where the binding site and the corresponding regulator are unknown. The list of investigated genes can be derived from clusters of co-expressed genes available in microarray experiments, from ChIP-on-chip experiments or from orthologous genes of related organisms. In the latter case this method is called phylogenetic footprinting (McCue et al., 2001) . Pattern discovery algorithms are top-down approaches that use various learning principles with different degrees of performance (Sandve et al., 2007; Su et al., 2010; Tompa et al., 2005) . The advantage of this method is the detection of potential regulatory DNA sequences even if there is little known about the corresponding regulation. A recent study in prokaryotes appling a pattern discovery approach revealed that the predicted patterns matched up to 81% of known individual TFBSs (Zhang et al., 2009 ). However, this approach has limitted value in getting a clue about what specific regulator is involved in a predicted TFBS. An alternative approach on which we focus in this chapter is called pattern matching.I t makes use of prior knowledge in form of a predetermined pattern that can be assigned to a specific regulator. The pattern is usually build based on a profile of known TFBSs for which experimental evidence is available (Fig. 1 A) . Using this set of DNA sequences a probabilistic model describing the pattern degeneracy is constructed. Application of the model on a given sequence results in a score for the likelihood that the investigated sequence belongs to the same sequence family. The application of pattern matching involves the availability of a reliable training set of TFBSs. For that purpose, several specalized databases provide collections and patterns of prokaryotic TBFSs supplemented with various related information like promoter and operon structures. A limited list of important data sources is shown in table 1. In the following examples a data set of 40 experimentally proven TFBSs from the anaerobic regulator Anr of Pseudomonas aeruginosa is used (Trunk et al., 2010) . There are different ways of pattern representation. Traditionally, the usage of IUPAC code for base ambiguities is a straightforward way to describe a binding motif (NC-IUB, 1985) . In this approach, combinations of certain bases are assigned to an extended alphabet of specific letters (Fig. 1 B) . IUPAC code can be easily converted into a regular expression (Fig. 1 C) . A regular expression is a formal language for pattern matching, that can be used to scan for ambiguous IUPAC strings in order to predict new TFBSs (Betel & Hogue, 2002) . (Fig. 1 B) . Allthough the IUPAC letter code is very concise and still widely used among biologists it does not describe a proper weighting of bases. Additionally, the majority rules how to generate a consensus sequences are to some extent arbitrary (Day & McMorris, 1992) . However, in the case that the training set consists of only a few sequences the usage of IUPAC code can still make sense. Table 1 . List of important public databases about bacterial gene regulation. The table shows the name, year of establishment, data content, the internet address and the latest reference of the respective database.
A more accurate description of a binding pattern is achieved by probabilistic models like a frequency matrix (or alignment matrix) (Staden, 1984) . Instead of considering only the most common bases at each position a matrix comprises the frequencies for each nucleotide at each position ( Fig. 1 D) . Based on frequency matrices many models for the calculation of weights were proposed. Such a model is broadly called position weight matrix (PWM) or position specific scoring matrix (PSSM). PWMs can be considered as simplified profile hidden Markov models (HMM) that do not allow insertion and deletion states (Durbin et al., 1998) . Formally, a PWM is an array M of weights w where each column corresponds to the position of the TFBS motif of the length l and each row represents the letter of the sequence alphabet A. In case of DNA A∈{A, C, G, T} (equation 1).
Many very related examples for the calculation of individual weights were proposed in the literaure (Berg & von Hippel, 1987; Fickett, 1996; Schneider et al., 1986; Staden, 1984; Stormo, 2000) . The information theoretical approach and modifications of it ( (Schneider et al., 1986) ) are widely used and some of the most successful methods for both the modeling and the prediction of potential TFBSs. Information is a measure of uncertainty which means that
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An information PWM m(b, l) is generated by multiplying the base frequencies f (b, l) with the total information content R(l) (Fig. 1 E) .
For pattern matching applications a PWM is used by summing up the corresponding weights of a candidate sequence to a score. Afterwards, these scores are compared to a predefined cut-off (or threshold) to filter out potential predictions. The derived score is often correlated to the binding affinity of a TF thus the information score can be interpreted as an rough estimate to the specific bindung energy. However, this is only possible under the simplifying assumption that each position of a pattern contributes independently to the TF-TFBS interaction. This additivity assumption is controversially discussed but is was shown that it is in fact a reasonable approximation (Benos et al., 2002) . The graphical representation of an information PWM is called sequence logo (Schneider & Stephens, 1990) . In a sequence logo each PWM weight is equivalent to the individual letter size so the total height of the stack of letters represents the information content R(l) at this position. Sequence logos allow an illustrative visualization of the sequence conservation and binding preference of a regulator ( Fig. 1 F) .
Statistical significance of pattern matching
Regulatory sequences are commonly short (usually 6-18 bp), the sample size of experimentally proven sites is often limited and in many cases the observed level of sequence conservation is low. Consequently, the genome-wide statistically occurance frequency of derived patterns is often unrealistically high. In such cases, searches generally generate increasing numbers of false-predictions the lower the threshold score is set. This is demonstrated in Fig. 2 showing the score distributions of true and false predictions of a genome wide search in P. aeruginosa using the PWM of the Anr regulator (Fig. 1 E) . In the shown example matches in coding regions were considered as false-predictions (false-positives) and matches that are part of the training set were naturally ranked as true-predictions (true-positives). Score distributions are also important indicators to evaluate the predictive capacity of a PWM . In order to improve the predictive power of pattern matching, commonly a cut-off score is set in a way, that improves the ratio of true-and false-predictions. However, thereby the total number of hits will still contain to some extent false-positives while some true matches become lost (false-negatives). From this it follows that matches of TFBS predictions can not be classified in a binary manner like a dignostic test, since true-positives and false-positives are always coexisting. Alternatively, they can be grouped into a classification schema consisting 
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www.intechopen.com of four different classes (Fig. 3 ) which is called a two-by-two confusion matrix or contingency table (Fawcett, 2004) . Thus, setting a cut-off score can be considered as important decision-making process. Instead of setting an arbitrary cut-off value it is possible to determine an optimized threshold. For that purpose, a number of statistical performance measurements for binary classification are available. Sensitivity Sn (or true-positive rate) measures the proportion of positive matches which are correctly identified at a given cut-off score c. Hereby, the positive matches include both the number of true-positives TP and false-negatives FN.
Similarly, specificity Sp (or true-negative rate) measures the proportion of correctly identified negative matches at a given cut-off score c where the amount of negative matches is the sum of true-negatives TN and false-positive FP.
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This definition involves that the sensitivity and specificity plots as a function of the cut-off show opposite behaviour which results in an increase of specificity (get less false-positives) at the cost of sensitivity (find less true-positives) and vice versa (Fig. 4 A) . A receiver operating characteristics (ROC) curve summarizes the classification performance in a plot of sensitivity versus (1-specificity). ROC curves are fundamental tools for the evaluation of the classification models. An optimal ROC curve would cross the upper left corner or coordinate (0,1) representing 100% sensitivity and specificity whereas a random guess would produce a point along the diagonal line (Fig. 4 A) . Thus, the diagonal line divides the ROC space: points above the digonal represent good classification results, points below the line indicate poor results (Fawcett, 2004) . An alternative way to optimize the performance of pattern matching and to produce stastistically significant results is the calculation of a p-value. A p-value depicts the likelihood to find a score that is as least as good by change. P-values can be either determined by simulation or estimated via a compound importance sampling approach (Oberto, 2010) . Finally, appropriate thresholds for pattern searches are determined as a tradeoff between sensitivity and specificity to maximize both values. Despite optimized cut-off values this approach can results in a poor sensitivity and a loss of 40-60% of known functional sites (Benítez-Bellón et al., 2002) . In addition, the fact that false-predictions commonly exeeds true-predictions by several orders of magnitude (Fig. 2 B) was called 'futility theorem' (Wasserman & Sandelin, 2004) . Fortunately, there are many sophisticated approaches to overcome this problem in a reasonable way (see section 4).
Improvements to increase the accuracy of TFBS predictions

Modifications of the score
In several studies the information score was modified in different ways. One of the most critical points of equation 2 is that it postulates an equal nucleotide distribtuion of the target genome which is the case e.g. for Escherichia coli with a GC content of 51.8%. For this reason,
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This new term turned out to be the relative entropy or Kullback-Leibler distance (Stormo, 2000) . An other promising approach deals with biased genome as a discrete channel of noise to discriminate a motif from its background (Schreiber & Brown, 2002) . However, it was recently demonstrated, that the unmodified information score performs on average better than other alternatives (Erill & O'Neill, 2009) . One reason might be, that binding sites shift towards the genome skew in a co-evolutionary process between TFs and its corresponding TFBSs.
Other modifications concern the way the score is computationally calculated. Since the information vector usually peeks at certain well conserved positions it is possible to get overestimated matches by forming the overall sum. For that purpose, it is useful to define a core region consisting of the highly conserved positions. Using this approach it is possible to realize the computation of the score in two steps. Potential matches have to pass first the core cut-off before they are evaluated by the overall cut-off score (Münch et al., 2005; Quandt et al., 1995) . Finally, it is possible to enhance the accuracy by combining multiple (independent) criterions. Apart from the pure sequence information, DNA exhibits distinct structural properties caused by interactions from neighboring nucleotides. This includes for example DNA curvature, flexibility and stability, amongst others. Structural DNA features are available as di-and trinucleotide scale values assigning a particular value to each possible nucleotide combination (Baldi & BaisnÃ©e, 2000) . These values are derived from empirical measurements or theoretical approaches. The calculation of structural features within a DNA sequence stretch is usually performed by summing up and averaging the corresponding di-or trinucleotide scales. Prokaryotic promoters usually exhibit distinct structural features which imply that these DNA sequences are more curved and less flexible in comparision to coding regions. This feature is necessary in order to enable the melting of the DNA strands for the onset of transcription. In most bacterial promoters structural peaks are present around the position -40 upstream of the transcriptional start point (Pedersen et al., 2000) . Structural features can provide distinct scores independent from PWM based sequence similarity scores. Recently, pattern matching was combined with a binding site model that was trained using 12 different structural properties (Meysman et al., 2011) . In this approach, based on conditional random fields, it was shown, that the classification of matches was significantly improved. In a similar way, structural and chemical features of DNA decreased the number of false-positives in a supervised learning approach (Bauer et al., 2010) .
Positional preference of TFBSs
Prokaryotic genomes usually consist of 6-14% non-coding DNA (Rogozin et al., 2002) . In contrast to eukaryotes, the evolvement of non-coding regions appears to be determined primarily by the selective pressure to minimize the amount of non-functional DNA, while maintaining the essential TFBSs. Additionally, it was demonstrated in Escherichia coli, that many PWMs show a strong preference for matches in non-coding regions (Robison et al., 1998) . Figure 5 A shows the distance of 1741 genomic TFBSs relative to the translational start site of the target gene. Only 3.6% of all TFBSs are located after the start codon within the coding region. However, the largest amount of TFBSs is accumulated directly upstream. This is also demonstrated in the cumulative percentage of TFBSs against the distance to the translational start (Fig. 5 B) . According to this result, a total of 75.3% and 87.9% of all TFBSs are located 200bp and 300bp upstream, respectively. Thus, prokaryotic promoters are usually short and it is reasonable to constrain searches to non-coding regions with a limit of a few hundred bp upstream to the translational start. 
Phylogenetic conservation of regulatory interactions
The large number of sequenced bacterial genomes offers comparative genomics approaches to predict and to analyze regulatory interactions. Similar to phylogenetic footprinting, highly conserved matches in promoter regions of paralogous genes are more likely to be functional targets than non-conserved matches (McCue et al., 2001) . This is particulary important for the interspecies transfer of gene regulatory networks (Babu et al., 2006; Baumbach, 2010) but also for the scanning of new regulon members (Pérez et al., 2007) . The utilization of pattern matching methods in combination with phylogenetic conservation is also called regulog analysis (Alkema et al., 2004) . During a regulog analysis the relativ conservation score RCS is defined by the fraction of orthologs, that share the same potential TFBS.
In the first step of this and related approaches, the orthologous regulators and the corresponding target gene set are determined. This is often realized by bi-directional best BLAST hits (BBH) (Mushegian & Koonin, 1996) . In the second step, conserved TFBSs are extracted via pattern matching or pattern discovery approaches. Predicted TFBSs with phylogenetic conservation can also be used to extend or to build new PWMs. Huge datasets based on phylogenetic reconstruction were generated in various groups of bacteria (Baumbach et al., 2009; Novichkov et al., 2010; Pérez et al., 2007) . Further investigetion of regulon evolution revealed the availability of a core set of genes that is widely conserved
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Prediction and Analysis of Gene Regulatory Networks in Prokaryotic Genomes www.intechopen.com across related species and a variable set of target genes reflecting the degree of specialization (Browne et al., 2010; Dufour et al., 2010) . However, it was shown, that the outlined approach is commonly only feasible between closely related clades which is due to the fact that TFs evolve rapidly and independently of their target genes (Babu et al., 2006) . Morover, orthologous TFs in bacteria often have different functions and regulate different sets of genes (Price et al., 2007) . In summary, a high RCS value for a TFBS match represents an independent score for the validation for a real functional targets while a low RCS does not necessarily rule out false-positive matches. The phylogenetic conservation approach represents a powerful approach to predict gene regulatory networks in highly related organisms and to get insights into the evolution of regulons.
Conclusion and outlook
In summary the genome-wide recognition of DNA patterns by computational methods is still a challanging task. However, major improvements in this field allow for reliable predictions in many cases. Especially the rising number of sequenced bacterial genomes in combination with data from high-throughput technologies offers many posibilities for the development of more sophisticated methods in comparative genomics approaches. Nevertheless, computational methods for TFBSs prediction can not replace wet-lab experiments but they can help to find new hypotheses that can be verified in an iterative process.
